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Recent advances in large-scale RNA-seq enable fine-grained characterization of phenotypically distinct cellular states within heterogeneous tissues. We present scScope, a scalable deep-learning based approach that can accurately and rapidly identify cell-type composition from millions of noisy single-cell gene-expression profiles.
Single-cell RNA-seq (scRNA-seq) can provide high-resolution dissection of complex biological systems, including identification of rare cell subpopulations in heterogeneous tissues, elucidation of cell-developmental programs, and characterization of cellular responses to perturbations [1] [2] [3] [4] [5] . Recent platforms, such as DropSeq 6, 7 and GemCode 8 , have enabled large-scale scRNA-seq on millions of cells at a time.
However, these advances have led to two acute challenges. First, single-cell profiles are highly susceptible to transcript amplification noise and dropout events 9 . Second, current analytical packages [9] [10] [11] [12] [13] are unable to conduct learning on large-scale datasets due to computational memory and/or speed restrictions. New approaches are needed to extract informative representations from these extremely noisy, massive, high-dimensional scRNA profiles.
To overcome these challenges, we developed scScope, a software package that uses deep learning to extract informative features (low-dimensional representations of gene expression profiles) per cell from massive single-cell data (Fig. 1a) . A major innovation of scScope is the design of a self-correcting layer. This layer exploits a recurrent network structure to iteratively perform imputations on zero-valued entries of input scRNA-seq data (Methods). Importantly, scScope simultaneously conducts cellular-feature learning and dropout imputation in a joint framework. To our knowledge, scScope is the first deeplearning framework for unsupervised, single-cell data modeling that can deal with both massive and noisy single-cell expression data.
We first evaluated the performance of scScope on simulated single-cell expression profile datasets 9 , where "ground truth" is known. A 10K-sized dataset was used for extensive comparisons of methods (ZIFA 9 , SIMILR 10 , SMAF 11 , PCA and Auto Encoder (AE) 14 ; Methods); a 1M-sized dataset was used to compare scalability of scScope but, due to performance limitations of current off-the-shelf software packages, could only be compared with two generic machine-learning approaches (PCA and AE). First, we investigated the ability to discover subpopulations with dropout rates ranging from ~40% to ~90% (decay rate  ranging from 5 to 0.15, respectively; Methods and Supplementary Table 1 ) with a fixed number ( = 50) of cell subpopulations (Fig. 1b top and Methods) . We found scScope performs similarly to other approaches for moderate dropout rates, but outperforms all others as dropout rates increase. Second, we compared imputation accuracy of scScope (Methods) with AE and ZIFA, two other approaches able to impute missing data (Fig. 1b bottom) . On the 10K dataset, scScope and ZIFA perform similarly in imputation accuracy and outperform AE, but the running time of scScope is ~100X times faster than ZIFA (Supplementary Table 2 ). Only scScope and AE can scale to perform feature learning directly on the 1M dataset, where scScope performs significantly better than AE. Additionally, we varied the number of hidden subpopulation numbers for a fixed, moderate dropout rate ( = 0.5). All approaches degraded in accuracy with increasing numbers of hidden clusters, however scScope consistently outperformed all tested methods (Supplementary Fig. 1 ). Finally, we tested our ability to identify rare subpopulations within the 1M dataset. We automatically determined subpopulation numbers; for this, on the 10K dataset we used PhenoGraph 15 and for the 1M dataset we developed a scalable graph clustering approach that integrated PhenoGraph (Methods and Supplementary Fig. 2) . Our results showed that we can accurately identify subpopulations comprising as little as 0.1% of the overall cells, which would be missed by down-sampling the original data ( Fig. 1c, Methods) . Thus, scScope provides a scalable and accurate approach for imputing missing data in complicated conditions (e.g. sparse measurements with large hidden population number) and identifying rare subpopulations within massive datasets.
We next applied scScope to three different single-cell RNA datasets covering a wide range of sample sizes, from 10 4 -10 6 cells. As preprocessing steps for all datasets, we log-transformed gene expressions (i.e. ln(TPM + 1)) and identified the genes that varied the most from cell to cell for subsequent analysis (Methods). As we lack ground truth for these experimental datasets, we assessed performance based on biological interpretability and comparison to previously published results.
To test scalability, we first analyzed a scRNA-seq dataset containing 1.3M mouse brain cells (Methods) obtained from multiple brain regions, including the cortex, hippocampus and ventricular zones, of two embryonic mice. As above, we made use of our scalable clustering approach to identify subpopulations. Our entire analysis of the 1.3M brain cells required only ~2 hours and 64GB memory ( Fig. 1d and Supplementary Fig. 3) ; in comparison, the original study reported requiring over 350 hours and 300 GB memory to process the same data. To give biological meaning to the 36 clusters automatically identified by scScope, we assigned each to one of three major cell types based on criteria from the Allen Brain Atlas (http://brain-map.org) (Fig. 1e and Supplementary Table 3 ): excitatory neurons (Glutamatergic), inhibitory neurons (GABAergic) and non-neuronal cells. By comparing our top overexpressed genes (log2 fold-change > 3) with known celltype markers 16 , we were able to assign a subset of scScope clusters to: neurogliaform cells (Ndnf, Reln), L6a corticothalamic glutamatergic neurons (Nts), Htr3a + Vip -GABAergic neurons, oligodendrocytes (Olig1, Olig2), microglial cells (C1qb) and endothelial cells (Flt1) (Fig. 1f) . Thus, scScope allowed us to rapidly explore cellular heterogeneity within more than a million single-cell transcriptional profiles.
To test accuracy, we next compared scScope with other approaches on a dataset containing ~44K retinal cells sequenced by DropSeq 6 , using 384 highly variable genes identified from our preprocessing step and PhenoGraph 15 to identify subpopulations (Methods). The original study identified 39 cell subpopulations using fine-grained manual adjustment and expert visual inspection, which we took as a reference for our comparisons. Compared to other approaches, scScope automatically identified the most similar clustering (number and assignment) to those reported in the original study (Fig.  2a top) and also exhibited the tightest groupings (Fig. 2a bottom and Methods) . To interpret biological meaning, we annotated the clusters to one of 12 cell types based on gene markers reported in the original study (Supplementary Table 4 and Methods).
(The subpopulation of pericytes, identified by manual adjustment in the original study, was missed by all tested methods.) scScope slightly outperformed all other tested methods in dissecting cell-type composition 17 (Supplemental Fig. 4) . Further, the annotations of cell clusters identified by scScope were, for the overall average, the most statistically significant (larger fold-change and smaller rank-sum P-values) (Fig. 2b,  Supplementary Fig. 5 and Supplementary Table 5 ). Thus, scScope is able to identify meaningful, fine-grained cellular subtypes.
Finally, to evaluate the ability of scScope to identify changes in cell-type composition and transcriptional state under different conditions, we made use of a DropSeq dataset of mouse intestinal epithelial exposed to different pathogen infections 18 (Methods). We applied scScope to the pooled set of 9,842 cells, using the 1000 most highly variable genes (Fig. 2c, Methods) . In the original study, enterocytes were identified as a single cluster. Interestingly, scScope further subdivided this cell type into four subpopulations: differential expression of markers provided delineation of distal vs. proximal enterocyte subpopulations, while expression levels of these markers provided further delineation into immature vs. mature subtypes. The assessment of maturity was based on expression levels of distal or proximal markers ( Fig. 2d and Supplementary Fig. 6 ). Identifying these refined enterocyte subpopulations allowed us to make predictions about specific cell-type response to infection. For example, the pro-inflammatory gene Saa1 was overexpressed during both Salmonella and H. polygyrus (day 10) infections in distal enterocytes, but not in proximal enterocytes (Fig. 2e and Supplementary Table 6 ). This geographic pattern of Saa1 expression is known for Salmonella infection, but is a novel prediction arising from scScope analysis for H. polygyrus infection.
Taken together, scScope offers a platform that will keep pace with the rapid advances in RNA-seq, enabling rapid exploration and accurate dissection of heterogeneous biological states within extremely large datasets of single-cell transcriptional profiles containing dropout measurements. f) scScope results visualized using tSNE on 30K cells (randomly sampled from the full dataset). Clusters were divided to three major types based on gene markers (legend). g) Assignment of clusters to cell types. Vertical axis (left): clusters with genes differentially expressed (log2 fold-change > 3) compared to all other clusters. Horizontal axis: differentially genes across shown clusters. Red boxes: previously reported cell subtypespecific genes, used to provide cluster annotation (right). 
